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Greenness identification from crop images captured outdoors is the important step for crop
growth monitoring. The commonly used methods for greenness identification are based on
visible spectral-index, such as the excess green index, the excess green minus excess red
index, the vegetative index, the color index of vegetation extraction, the combined index.
All these visible spectral-index based methods are working on the assumption that plants
display a clear high degree of greenness, and soil is the only background element. In fact,
the brightness and contrast of an image coming from outdoor environments are seriously
affected by the weather conditions and the capture time. The color of the plant varies from
dark green to bright green. The back ground elements may contain crop straw, straw ash
besides soil. These environmental factors always make the visible spectral-index based
methods unable to work correctly. In this paper, an HSV decision tree based method for
greenness identification frommaize seedling images captured outdoors is proposed. Firstly,
the image was converted from RGB color space to HSV color space to avoid influence of illu-
mination. Secondly, most of the background pixels were removed according to their hue
values compared with the ones of green plants. Thirdly, the pixels of wheat straws whose
hue values were intersected with tender green leaves were eliminated subject to their hues,
saturations and values. At last, thresholding was employed to get the green plants. The
results indicate that the proposed method can recognize greenness pixels correctly from
the crop images captured outdoors.
 2015 China Agricultural University. Production and hosting by Elsevier B.V. All rights
reserved.1. Introduction
Precision agriculture is taking into account by more and more
countries for better crop yields [1]. Crop growth monitoring is
an important task of precision agriculture [2]. The crop
growth monitoring has been one of the focus in the field of
agronomy. Knowledge of growth condition can help to ana-
lyze the relationship between field crop growth process andgrowth conditions so as to provide efficient agricultural ser-
vices, such as proper timing of fertilizer, irrigation, insect
and disease control, to improve crop yields [3]. Remote sens-
ing and camera-based observation are the two commonly
used methods for crop growth monitoring [4]. Remote sensing
uses satellites or airplanes to obtain images of crops [5], while
camera-based observation uses digital cameras to get the
images [6]. Remote sensing is more suitable for large-scale
analysis of crop growth due to its limited spatial resolution
of the sensors in satellites or airplanes [7–9]. The camera-
based monitoring can provide non-destructive, continuous
and automatic observation of crop growth conditions in
ground level [10]. By analyzing the images captured by the
camera equipped in the crop fields, we can estimate the
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parameters, or guide the robot for weed killing, even estimate
the nutrition deficiency of crops [11]. No matter what wewant
to do by analyzing the crop images, the key job is to identify
the plants, i.e. the green objects in the captured images.
Lots of researchers have made much effort to study how to
identify greenness in a crop image [12,13]. The typical meth-
ods are those based on visible spectral-index, such as the
excess green index (ExG) [14], the excess green minus excess
red index (ExGR) [15], the vegetative index (VEG) [16], the color
index of vegetation extraction (CIVE) [17], the combined index
(COM) [11], etc. All these methods address the problem of
greenness identification under the assumption that plants
display a clear high degree of greenness, and the background
is just the barely soil. In fact, the brightness and contrast of
an image coming from outdoor environments are seriously
affected by the weather conditions (sunny, cloudy, rainy,
etc.) and capture time (morning, noon, afternoon, etc.). The(a) Sunny, clean soil                    
(c) Sunny, wheat straw                 
(e) Cloudy, straw ash                
Fig. 1 – Color images of maize seedcolor of plant is not always bright greenness either. It is
affected by the growth condition of the plant: healthy, dis-
eased, nutrition deficiency, draught, etc. The back ground of
the crop image captured in field is more complex than that
of in greenhouse. It may contain soil in different colors, vari-
ous kinds of straws, even straw ash. The abovementioned
complicate environmental factors always make these visible
spectral-index based methods unable to work correctly.
Therefore, a more robust method for greenness identification
is badly needed.
This paper proposed an HSV and color deviation based
method for greenness identification. The objective is to
improve the robustness of the greenness identification
method for processing crop images captured in different
environmental conditions. It consists of four main steps: (1)
convert the image from RGB color space to HSV color space
to avoid influence of illumination, (2) remove most of the
background pixels according to their hue value compared                     (b) Sunny, straw ash 
                   (d) Cloudy, clean soil 
               (f) Cloudy, corn straw 
lings under different conditions.
Fig. 2 – The hue curves of different image elements.
Fig. 3 – The saturation curves of different image elements.
Fig. 4 – The value curves of different image elements.
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Fig. 5 – Greenness identification based on HSV decision tree.
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wheat straw subject to their hue, saturation and value,
(4) segment the processed hue image by thresholding for
greenness identification.(a) Sunny, clean soil                         
(c) Sunny, wheat straw                   
(e) Cloudy, straw ash                        
Fig. 6 – The greenness identification reThis paper is organized as follows. In Section 2 the back-
ground knowledge for greenness identification using visible
spectral-index based methods, i.e. ExG, ExGR, VEG, CIVE and
COM for short, are introduced. In Section 3 the materials
and methods are presented. The selected maize seedling
images were captured in different environments. The
weather conditions include sunny and cloudy. The depth of
green color varies from dark green to bright green. The back-
ground elements include different color soil, different kinds
of straw, even straw ash. The proposed method for greenness
identification is introduced in details. Results and discussion
are presented in Section 4. Finally in Section 5, the relevant
conclusions are provided.
2. Background knowledge
Greenness identification results are seriously affected by
the crop image quality. The quality of the crop image
captured outdoors is influenced by various factors including                (b) Sunny, straw ash 
              (d) Cloudy, clean soil 
              (f) Cloudy, corn straw 
sults using the proposed method.
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decided by the weather conditions and capture time. The
color depth of the crop leaf is ranged from dark green to
bright green. The back ground is very complicated. These
are typical situations in agricultural images coming from out-
door environments. Several strategies have been proposed for
recognition of crops in the image according to their green
color features. The visible spectral-index based strategy is
the most commonly used strategy for greenness identifica-
tion, such as the ExG, ExGR, VEG, CIVE, COM, etc. All these
methods are based on the fact that green plants have larger
green indexes than others in the normalized RGB color space.
After the visible spectral-index obtained, the thresholding
was employed to discriminate between plants and back-
ground. The principles of the abovementioned methods for
greenness identification are introduced as follows.
The normalized color r, g and b in RGB color space are
defined as follows, where R, G and B are the color components
of the input crop image.(a) Sunny, clean soil                          
(c) Sunny, wheat straw                     
(e) Cloudy, straw ash                          
Fig. 7 – The greenness identificatir ¼ R
Rþ Gþ B ; g ¼
G
Rþ Gþ B ; b ¼
B
Rþ Gþ B ð1Þ
The excess green index (ExG), the excess green minus
excess red index (ExGR), the vegetative index (VEG), the color
index of vegetation extraction (CIVE), and the combined index
(COM) are defined as follows:
ExG ¼ 2g r b ð2Þ
ExGR ¼ ExG ð1:4r gÞ ð3Þ
VEG ¼ g
r0:667b0:333
ð4Þ
CIVE ¼ 0:441r 0:881gþ 0:385bþ 18:78745 ð5Þ
COM ¼ 0:25ExGþ 0:30ExGRþ 0:33CIVEþ 0:12VEG ð6Þ
After the visible spectral-index obtained, the segmentation
is performed with the help of thresholding.                  (b) Sunny, straw ash 
              (d) Cloudy, clean soil 
                (f) Cloudy, corn straw 
on results using Otsu method.
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0 otherwise

ð7Þ
where VSI 2 fExG; ExGR; VEG; CIVE; COMg and T is the
threshold value.3. Materials and methods
3.1. Color images of maize seedlings captured in different
environmental conditions
The crop images used for this study are of maize seedlings
captured outdoors, as shown in Fig. 1. The images were
acquired with a Sony digital camera. The sample field locates
in Baoding, Hebei Province, China. We selected different envi-
ronmental conditions for image acquisition to check the
robustness of the greenness identification methods proposed
in this paper. The images were acquired in two different days(a) Sunny, clean soil                          
(c) Sunny, wheat straw                   
(e) Cloudy, straw ash                         
Fig. 8 – The greenness identificatiin June 2014 spaced by almost a week. The first day was
sunny, and the second one was cloudy. The background ele-
ments of the captured images mainly include soil, straw
and ash. The leaves of the maize seedlings are in different
green depth which ranges from dark green to bright green.
These selected images in Fig. 1 are representative ones for
the experiments.
The digital images were stored as 24-bit color images with
resolutions of 800  600 pixels and saved in RGB color space
in JPEG format. The algorithms were programmed in Matlab.
3.2. Hue, saturation and value distribution analysis
The greenness identification results of the visible spectral-
index based methods are seriously affected by the image
brightness. So a simple idea for resolve this problem is to find
a new color space in which the color is not correlated with
brightness. The HSV (Hue, Saturation and Value) color space                    (b) Sunny, straw ash 
               (d) Cloudy, clean soil 
                 (f) Cloudy, corn straw 
on results using ExG method.
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distribution of a single-colored object is invariant with
respect to brightness variation [18]. In general the hue values
of green color vary from 60 to 180. The ideal situation is to
identify the green pixels from the image just by their hue val-
ues. But for maize seedlings, the greenness of their leaves
range from dark green to bright green due to their different
growth status. In addition to the varied leaf color, the various
background elements also make the greenness identification
more difficult. Therefore, it is necessary to analyze the distri-
butions of hue, saturation and value of the different image
elements.
Ten image elements sampled from different maize seed-
ling images were used for the analysis. They are dark green
leaf, tender green leaf, bright green leaf, red soil, yellow soil,
black soil, straw ash, plastic film, corn straw and wheat straw.
Their hue curves are shown in Fig. 2, saturation curves are
shown in Fig. 3, and value curves are shown in Fig. 4.(a) Sunny, clean soil                            
(c) Sunny, wheat straw                        
(e) Cloudy, straw ash                           
Fig. 9 – The greenness identificatioFig. 2 shows that the hue values of green leaf range from
about 50 to 150. The hue values of corn straw are far greater
than 150. This means that corn straw is easy to be distin-
guished from green leaf. The hue values of plastic film, yellow
soil, red soil, black soil and straw ash are all less than 50. This
means that plastic film, yellow soil, red soil, black soil and
straw ash are also easy to be distinguished from green leaf.
But for wheat straw, its hue values are very close to that of
tender green leaves. Some of their hue values are right in
the hue range of greenness. Therefore, other means should
be considered to distinguish the wheat straw from the tender
green leaf.
From Figs. 2–4 we can see that though the hue values of
the wheat straw are intersected with that of tender green leaf,
its saturations and values are significantly different from that
of tender green leaf. This makes it possible to remove the
wheat straw pixels from the image by the combination of
their hue, saturation and value.                     (b) Sunny, straw ash 
                   (d) Cloudy, clean soil 
                    (f) Cloudy, corn straw 
n results using ExGR method.
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Through the abovementioned analysis, the framework of the
proposed HSV decision tree basedmethod for greenness iden-
tification is shown in Fig. 5.
Greenness identification based on HSV decision tree
mainly includes the following four steps:
(1) General background removal. Let H, S and V be the hue,
saturation and value components of a maize seedling
image respectively. We define the processed hue com-
ponent H1 in the first step as follows:
H1 ¼
0 if H < h1 or H > h2
H otherwise
(
ð8Þwhere h1 is the smallest hue value of greenness
and h2 is the biggest one. In this step the red soil, yellow(a) Sunny, clean soil                                    
(c) Sunny, wheat straw                                     
(e) Cloudy, straw ash                                      
Fig. 10 – The greenness identification resoil, black soil, straw ash, plastic film and corn straw
are eliminated.(2) Wheat straw removal. Though the wheat straw is in the
same hue value range with green plant, it has different
saturation and value. We define the processed hue
component H2 in the second step as follows:
H2 ¼
0 if H1 2 ½hw1 ; hw2  and S 2 ½sw1 ; sw2  and V > v
H1 otherwise
(
ð9Þwhere hw1 is the smallest hue value of the wheat straw
and hw2 is the biggest one, s
w
1 is the smallest saturation
value of the wheat straw and sw2 is the biggest one, v
is smallest value of the wheat straw. In this step the
wheat straw is removed.(3) Greenness identification. At last all pixels in H2 with
hue values greater than zero were identified as green-
ness ones.       (b) Sunny, straw ash 
         (d) Cloudy, clean soil 
      (f) Cloudy, corn straw 
sults using VEG method.
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1 otherwise

ð10Þ(4) Small objects removal. Most of the small objects are
noises. Therefore, all small objects with area less than
S are removed.4. Results and discussion
RGB color images of maize seedlings captured in different
environmental conditions were selected for the experiments.
Typical images were shown in Fig. 1. The weather conditions
include sunny and cloudy. The background elements include
soil, straw and ash. These images were used to verify whether(a) Sunny, clean soil                           
(c) Sunny, wheat straw                        
(e) Cloudy, straw ash                         
Fig. 11 – The greenness identificatithe proposed greenness identification method is robust to dif-
ferent environmental conditions. The proposed method was
also compared with other visible spectral-index based meth-
ods to show its outstanding performance.
A personal computer with Intel Core i5 CPU and 4 GB
SDRAM was chosen as the test environment and Windows 7
was selected as the operation system. Matlab 7.0 was used
to implement and validate the algorithm, as described as fol-
lows. In our experiments, h1 is set to 50 and h2 is set to 150, h
w
1
is set to 49 and hw2 is set to 60, s
w
1 is set to 5 and s
w
2 is set to 50, v
is set to 150, S is set to 100. These empirical values were firstly
obtained by analyzing the hue, saturation and value curves of
different image elements, and were finally confirmed by
observing the greenness identification results.                   (b) Sunny, straw ash 
                   (d) Cloudy, clean soil 
                (f) Cloudy, corn straw 
on results using CIVE method.
(a) Sunny, clean soil                                                 (b) Sunny, straw ash 
(c) Sunny, wheat straw                                             (d) Cloudy, clean soil 
(e) Cloudy, straw ash                                         (f) Cloudy, corn straw 
Fig. 12 – The greenness identification results using COM method.
Table 1 – Greenness identification qualities of different approaches under different environmental conditions.
Otsu ExG ExGR VEG CIVE COM The proposed
method
Sunny, clean soil Poor Good Good Poor Good Good Good
Sunny, straw ash Poor Good Poor Poor Good Poor Good
Sunny, wheat straw Poor Poor Poor Poor Poor Poor Good
Cloudy, clean soil Poor Good Good Poor Good Good Good
Cloud, straw ash Poor Good Good Poor Good Good Good
Cloudy, corn straw Poor Good Good Poor Good Good Good
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greenness identification
Input: The file name of a RGB image of maize seedling
Output: A binary image BW in which the white pixels
represent the green plants.
function GreenIdfByHSVDT(varargin)
%Read image by its file name
I = imread(varargin{1});
%Convert it from RGB to HSV
hsv = rgb2hsv(I);
%Get its hue, saturation and value
H = hsv(:, :, 1).*255;
S = hsv(:, :, 2).*255;
V = hsv(:, :, 3).*255;
%Set the hue value to zero if it
%less than 50 or great than 150
H((H < 50) | (H > 150)) = 0;
%Set the hue value of wheat straw
% pixel to zero
H(H > 49 & H < 60 & S > 5 & S < 50 & V > 150) = 0;
%Thresholding
T = 49; %T can be any value in [1, 49]
t = T./255;
BW = im2bw(H, t);
%Delete the objects less than 100 pixels
BW = bwareaopen(BW, 100);
%Show the identification result
figure, imshow(BW);4.1. Greenness identification results of the proposed
method
The greenness identification results of images in Fig. 1 using
the proposed method were shown in Fig. 6. Most of the small
objects are noises. Therefore, in the experiments all small
objects with area less than 100 pixels are removed. The
‘‘open” operation in mathematical morphology is used to
remove these small objects. The experimental results indicate
the proposed method can identify the green maize seedlings
together with green weeds correctly no matter how compli-
cate the environmental conditions are.
4.2. Comparison with the Otsu method
Otsu method is one of the most commonly used image seg-
mentation methods for separating the objects from back-
ground. It travels from the lowest gray level of an image to
the highest to find the optimal threshold. Each time it uses
the current gray level as the threshold and partition thewhole
image into two groups, and then calculates the between-
group variance. When the travel ends, the right gray level
which makes the maximal between-group variance is the
optimal threshold. After the segmentation, the white pixels
represented the green plants.
The segmentation results are shown in Fig. 7. No green
plants were recognized correctly. The results indicate thatthe Otsu method is not suitable for greenness identification
from crop images captured outdoors. The reasons why Otsu
cannot work well include illumination variation, green depth
variation and various background elements.
4.3. Comparison with the general visible spectral-index
based methods
The ExG, ExGR, VEG, CIVE and COM were selected to do the
same experiments to compare with the proposed approach
for greenness identification. The experimental results were
shown in Figs. 8–12.
From Figs. 8–12 we can see that the ExG and CIVE can cor-
rectly process the images captured in different environmental
conditions except for those with wheat straws. The ExGR and
COM get incorrect results when dealing with those images
with straw ash or wheat straw. The VEG cannot get correct
results for all conditions. More than 60 maize seedling images
captured in different situations were used to validate the
performance of the proposed method and those visible
spectral-index based methods. The greenness identification
qualities of different approaches under different environmen-
tal conditions were summarized in Table 1.
5. Conclusion
We proposed an HSV decision tree based approach for green-
ness identification from maize seedling images captured out-
doors. The goal is to improve the robustness of the greenness
identification method for processing crop images captured in
different environmental conditions. This was achieved by
applying a HSV based strategy. The crop image was firstly
converted from RGB color space to HSV color space. Then
most of the background pixels were removed according to
their hue values compared with the ones of green plants. To
eliminate the pixels of wheat straws, a combined condition
of hue, saturation and value was set. All the left pixels were
the ones of the green plants. The results indicate that the pro-
posed method can recognize the green plants correctly. The
proposed method can also be applied for identification of
any other types of green crops after appropriate modification.
When the light is too dim or too bright, the proposed
method will get poor results. How to identify the green crops
in all whether conditions will be studied in future works.
Acknowledgments
The authors thank The Ministry of Science and Technology of
the People’s Republic of China (2013DFA11320), Hebei Natural
Science Foundation (F2015201033), for financial support.R E F E R E N C E S[1] Pierpaoli E, Carli G, Pignatti E, Canavari M. Drivers of
precision agriculture technologies adoption: a literature
review. Proc Technol 2013;8:61–9.
[2] Duveiller G, Baret F, Defourny P. Remotely sensed green area
index for winter wheat crop monitoring: 10-year assessment
160 I n f o r m a t i o n P r o c e s s i n g i n A g r i c u l t u r e 2 ( 2 0 1 5 ) 1 4 9 –1 6 0at regional scale over a fragmented landscape. Agric For
Meteorol 2012;166–167:156–68.
[3] Wang J, Li X, Lu L, Fang F. Estimating near future regional corn
yields by integrating multi-source observations into a crop
growth model. Eur J Agron 2013;49:126–40.
[4] Yu Z, Cao Z, Wu X, Bai X, Qin Y, Zhuo W, et al. Automatic
image-based detection technology for two critical growth
stages of maize: emergence and three-leaf stage. Agric For
Meteorol 2013;174–175:65–84.
[5] Xiang H, Tian L. An automated stand-alone in-field remote
sensing system (SIRSS) for in-season crop monitoring.
Comput Electron Agric 2011;78(1):1–8.
[6] Lee K, Lee B. Estimation of rice growth and nitrogen nutrition
status using color digital camera image analysis. Eur J Agron
2013;48(4):57–65.
[7] Ma Y, Wang S, Zhang L, Hou Y, Zhuang L, He Y, et al.
Monitoring winter wheat growth in North China by
combining a crop model and remote sensing data. Int J Appl
Earth Obs Geoinf 2008;10(4):426–37.
[8] Yang C. A high-resolution airborne four-camera imaging
system for agricultural remote sensing. Comput Electron
Agric 2012;88:13–24.
[9] Romeo J, Pajares G, Montalvo M, Guerrero J, Guijarro M, Cruz J.
A new expert system for greenness identification in
agricultural images. Expert Syst Appl 2013;40(6):2275–86.
[10] Daniel G, David E, Antonio R, Julia´n C, Jose M. A digital image-
processing-based method for determining the cropcoefficient of lettuce crops in the southeast of Spain. Biosyst
Eng 2014;117:23–34.
[11] Montalvo M, Guerrero J, Romeo J, Emmi L, Guijarro M, Pajares
G. Automatic expert system for weeds/crops identification in
images from maize fields. Expert Syst Appl 2013;40(1):75–82.
[12] Guijarro M, Pajares G, Riomoros I, Herrera P, Burgos-Artizzu
X, Ribeiro A. Automatic segmentation of relevant textures in
agricultural images. Comput Electron Agric 2011;75(1):75–83.
[13] Guerrero J, Pajares G, Montalvo M, Romeo J, Guijarro M.
Support vector machines for crop/weeds identification in
maize fields. Expert Syst Appl 2012;39(12):11149–55.
[14] Woebbecke D, Meyer G, Von Bargen K, Mortensen D. Shape
features for identifying young weeds using image analysis.
Trans Am Soc Agric Eng 1995;38:271–81.
[15] Neto J. A combined statistical-soft computing approach for
classification and mapping weed species in minimum tillage
systems. USA: University of Nebraska; 2004. p. 170.
[16] Hague T, Tillet N, Wheeler H. Automated crop and weed
monitoring in widely spaced cereals. Precision Agric 2006;7
(1):21–32.
[17] Kataoka T, Kaneko T, Okamoto H, Hata S. Crop growth
estimation system using machine vision. In: Proc. AIM
proceeding of advanced intelligent mechatronics. Kobe,
Japan; 2003. p. 1079–83.
[18] Jose M, Miguel A, Juan A, Juan M. Detecting skin in face
recognition systems: a colour spaces study. Digital Signal
Process 2010;20(3):806–23.
